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Semantic segmentation
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Semantic segmentation

» Semantic segmentation
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Fully convolutional network
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Fully convolutional network

» Fully Convolutional Network(FCN)
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Fully convolutional network
» Upsampling
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FCN architecture2| St
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FCN based semantic segmentation
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FCN based semantic segmentation

* Combination of FCN with attention module
- Self attention mechanism
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- Query2f key?F2| A= F valuelf| X -&A[7|
~ Input dataOi| CHSH globalSHA| attention= ==

—
— O o
Mot =

softmax

query

output

—— matrix multiplication '
————— learned transform

Attention mechanism

IHS | A% CH &:ﬂ
S SOGANG UNIVERSITY 10

VEiS



FCN based semantic segmentation

» Combination of FCN with attention module

» Non-local Neural Networks
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FCN based semantic segmentation

» Combination of FCN with attention module

- CCNet : Criss-Cross Attention for Semantic Segmentation
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“CCNet: Criss-Cross Attention for Semantic Segmentation” (ICCV2019)
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FCN based semantic segmentation

» Attention alone model

» Stand-Alone Self-Attention 1n Vision Models
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Segmentation Transformer(SETR)

* Contribution
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“An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR2021)

i gd k-t \/r >
o SOGANG UNIVERSITY 14 'B'D



Segmentation Transformer(SETR)

* Embedding
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Segmentation Transformer(SETR)

* Encoding
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Segmentation Transformer(SETR)

* Encoding
. Zyo1 = MSA(Z) + MLP(MSA(Z)))
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Segmentation Transformer(SETR)

* Encoding
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Segmentation Transformer(SETR)

* Encoding
- Linear projection< fully connected layer@} &= & ot &4t
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Segmentation Transformer(SETR)

* Decoding
- Reshape

~ Patch size p = 162 2 S} feature representation Z- 2| shapeO| (%, C)O| Cle=s 2%

H w
- 72 =X =X C2E reshape
16 16
: . ZL
Model | T-layers Hidden size At head
T-Base 12 T68 12
T-Large | 24 1024 16 reshape
Table 1. Configuration of Transformer backbone variants. ’
(H w 0 W
— X
256 Aoy

16 16
C : hidden size
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Segmentation Transformer(SETR)

* Decoding
- Naive upsampling
- Conv : 1 X1 conv + sync batch norm (w/Relu) + 1X1 conv

- Bilinear upsampling : 16X Bilinear interpolation
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Segmentation Transformer(SETR)

* Decoding
- Progressive upsampling (PUP)

- Conv : 1X1 conv

- Bilinear upsampling : 2X Bilinear interpolation
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Segmentation Transformer(SETR)

* Decoding
- Multi-level feature aggregation (MLA)

6,12,18,24HM transformer layerOf| A Lt feature representation= skip connectionStO| AF-&
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Segmentation Transformer(SETR)

» Experiment

Method Pre | Backbone | #Params | 40k 80k

FCN [39] 1K R-101 68.59M | 73.93 75.52
Semantic FPN [39] 1K R-101 47.51M - 75.80
Hybrid-Buse R T-Base | 112.59M | 74.48 77.36
Hybrid-Buse 21K | T-Base |112.59M | 76.76 76.57
Hybrid-DeiT 21K | T-Base | 112.59M | 77.42 78.28
SETR-Nuive 21K | T-Large |305.67M | 77.37 77.90
SETR-MILA 21K | T-Large |310.57M | 76.65 77.24
SETR-PUP 21K | T-Large |318.31M | 78.39 79.34
SETR-PUP R T-Large |318.31M | 42.27 -

SETR-Nuaive-Base 21K | T-Base 87.69M | 75.54 76.25
SETR-MLA-Base 21K | T-Base 92.50M | 75.60 76.87
SETR-PUP-Buse 21K | T-Base 97.64M | 76.71 78.02
SETR-Naive-DeiT 1K | T-Base 87.69M | 77.85 78.66
SETR-MLA-DeiT 1K | T-Base 92.59M | 78.04 78.98
SETR-PUP-DeiT IK | T-Base 97.64M | 78.79 79.45

Table 2. Comparing SETR variants on different pre-training
All experiments are trained on
Cityscapes train fine set with batch size 8, and evaluated using the
single scale test protocol on the Cityscapes validation set in mean
loU (%) rate. “Pre” denotes the pre-training of transformer part.
“R” means the transformer part is randomly initialized.

strategies and backbones.
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Method Pre Backbone | ADE20K Cityscapes
FCN [39] IK  R-101 39.91 73.93
FCN 21K R-101 42.17 76.38
SETR-MLA 21K T-Large | 48.64 76.65
SETR-PUP 21K T-Large | 48.58 78.39
SETR-MLA-DeiT 1K T-Large | 46.15 78.98
SETR-PUP-DeiT 1K T-Large | 46.24 79.45

Table 3. Comparison to FCN with different pre-training with

single-scale inference on the ADE20K val and Cityscapes val set.

Method Backbone mloU
PSPNet [60] ResNet-101 78.40
DenseASPP [50] DenseNet-161 80.60
BiSeNet [57] ResNet-101 78.90
PSANet [01] ResNet-101 80.10
DANet [ 1] ResNet-101 81.50
OCNet [55] ResNet-101 80.10
CCNet [25] ResNet-101 81.90
Axial-DeepLab-L [17] Axial-ResNet-L 79.50
Axial-DeepLab-XL [17] Axial-ResNet-XL 79.90
SETR-PUP (100k) T-Large 81.08
SETR-PUPt T-Large 81.64

Table 7. Comparison on the Cityscapes test set. i: trained on

fine and coarse annotated data.



Segmentation Transformer(SETR)

» Experiment

Method Pre  Backbone | #Params mloU Method _ Backbone mloU
FCN (160K, SS) [7] K ResNel-101 | 68.59M | 39.01 FCN (40k, SS) [19] ResNet-101 73.93
FCN (160k, MS) [ 3] 1K ResNet-101 | 68.59M | 41.40 FCN (40k, MS) [39] ResNet-101 72-1_4
CCNet [25] K ResNet-101 - 1522 FCN (80k, SS) [19] ResNet-101 7532

. . , FCN (80k. MS) [39] ResNet-101 76.61
Strip pooling [23] 1K ResNet-101 - 45.60

PSPNet [60)] ResNet-101 78.50

DANet [15] 1K ResNet-101 69.0M 45.30 . )
OCRNet [5 K ResNet.101 71.0M 45.70 DeepLab-v3 [10] (MS) ResNet-101 79.30

RNet [54] esiel- ' > NonLocal [45] ResNet-101 79.10
UperNe[ [—' '] 1K ResNet-101 86.0M 44.90 CCNet [_ _:] ResNet-101 20.20
Deeplab V3+ [ ] 1K ResNet-101 63.0M 46.40 GCNet [4] ResNet-101 78.10
SETR-Naive (160k, SS) 21K T-Large 305.67TM | 48.06 Axial-DeepLab-XL [17] (MS) Axial-ResNet-XL 21.10
SETR-Naive (160k, MS) 21K T-Large 305.67™M 48.80 Axial-DeepLab-L [17] (MS) Axial-ResNet-L 81.50
SETR-PUP (160k, SS) 21K T-Large 31831M | 4838 SETR-PUP (40K, SS) T-Large 78.39
SETR-PUP (160k, MS) 21K T-Large 318.31M 50.09 SETR-PUP (40k, MS) T-Large 81.57
SETR-MLA (160k, SS) 21K T-Large 310.57TM 48.64 SETR-PUP (80k, SS) T-Large 79.34
SETR-MLA (160k, MS) 21K T-Large 310.57TM 50.28 SETR-PUP (80k, MS) T-Large 82.15
SETR-PUP-DeiT (160k, SS) 1K T-Base 97.64M 46.34 Table 6. State-of-the-art comparison on the Cityscapes valida-
SETR-PUP-DeiT (160k, MS) 1K T-Base 97.64M 47.30 tion set. Performances of different training schedules (e.g.. 40k
SETR-MLA-DeiT (160k, SS) 1K T-Base 92.59M 46.15 and 80k) are reported. SS: Single-scale inference. MS: Multi-
SETR-MLA-DeiT (160k, MS) 1K T-Base 92.50M 4771 scale inference.

Table 4. State-of-the-art comparison on the ADE20K dataset.
Performances of different model variants are reported. SS: Single-
scale inference. MS: Multi-scale inference.
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Segmentation Transformer(SETR)

» Experiment

Figure 4. Qualitative results on Cityscapes: SETR (right column) vs. dilated FCN baseline (left column) in each pair. Best viewed in
color and zoom in.
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